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Here we compare the DNA sequence specificities for different classes of proteins and engineered DNA binding molecules across the entire sequence space. These high-content data are visualized and interpreted using an interactive "specificity landscape" which simultaneously displays the affinity and specificity of a million-plus DNA sequences. Contrary to expectation, specificity landscapes reveal that synthetic DNA ligands match, and often surpass, the specificities of eukaryotic DNA binding proteins. The landscapes also identify differential specificity constraints imposed by diverse structural folds of natural and synthetic DNA binders. Importantly, the sequence context of a binding site significantly influences binding energetics, and utilizing the full contextual information permits greater accuracy in annotating regulatory elements within a given genome. Assigning such context-dependent binding values to every DNA sequence across the genome yields predictive genome-wide binding landscapes (genomescapes). A genomescape of a synthetic DNA binding molecule provided insight into its differential regulatory activity in cultured cells. The approach we describe will accelerate the creation of precision-tailored DNA therapeutics and uncover principles that govern sequence-specificity of DNA binding molecules. A major goal at the interface of synthetic biology, chemistry, and personalized medicine is to create molecules that can specifically regulate genes and thereby dictate cell fate (1) (2) (3) (4) . An approach toward this goal has been to engineer natural DNA binding molecules to target desired DNA sequences. In a widely used strategy, the DNA binding residues of zinc-finger (ZF) proteins have been substituted to generate molecules with altered DNA specificities (5) (6) (7) . Another approach has focused on engineering DNA binding small molecules, imidazole/pyrrole hairpin polyamides, to increase their sequence specificity (8) (9) (10) (11) . Both classes of engineered DNA binders have shown tremendous promise in regulating gene expression, but a critical hurdle in their application as therapeutic agents or genomics tools is controlling the precision with which engineered molecules target a desired site when faced with millions of binding sites of varying affinities within a genome (12) (13) (14) .
As a representative of the synthetic DNA binders we examined the binding characteristics of a hairpin polyamide (PA-1, Fig. 1 ) (15, 16) . This class of molecules has been shown to regulate target genes in human cells and in mouse models of disease (13, 17, 18) . Hairpin polyamides are typically composed of pyrrole and imidazole rings and can be engineered, using simple recognition rules (16) , to target specific 6-12 base pair (bp) sequences ( Fig. 1A and Fig. S1A and B) (15, 16) . These molecules bind in the minor groove of DNA with high affinity recognizing naked or chromatinized DNA with modest perturbation of the DNA groove geometry (19) . We also examined the specificity of an engineered ZF protein (ZFP-1, Fig. 1B ). This protein domain has been utilized, not only to create molecules that regulate gene expression (5) (6) (7) , but also to generate site-specific nucleases that greatly improve homologous recombination in mammalian cells (20, 21) . To directly compare engineered molecules with natural DNA binding proteins, we examined members of different classes of DNA binding domains, representing ∼75% of the human DNA binding proteome (Fig. 1B ) (22, 23) . Gata4 (C 4 -type zinc finger), Nkx-2.5 (homeodomain), and Jumonji/Jarid2 (AT-Rich Interaction Domain) play a central role in cardiac development and disease (24, 25) ; p53 (Immunoglobulin-fold) is an antioncogene that regulates genes involved in apoptosis (26) ; c-Abl (HMG domain) is implicated in cellular signaling and cancer (27) ; and TBP with its unusual minor groove binding fold is an essential component of the transcriptional machinery (28) .
To elucidate the specificity of engineered DNA binders and compare them with natural DNA binding proteins, we performed Cognate Site Identifier (CSI) analysis ( Fig. 1) (29-31) . With CSI, the sequence preferences of DNA binding molecules are comprehensively examined by determining their affinity for nearly half a million duplex DNA sequences that collectively display the entire sequence space of a binding site on a microarray (Fig. 1A) (31) . The highest intensity sequences are interrogated by motif-finding algorithms to derive consensus motifs which are based on underlying position weight matrices (PWMs) (29, 32) . To determine if PWM-derived motifs fully described the DNA binding preferences, we displayed the entire dataset of binding intensities as unique Sequence Specificity Landscapes (SSLs). An important advantage of this display, as opposed to twodimensional bar graphs, is that the landscape can be adjusted to optimize the cognate site motif(s) and thereby uncover major binding motifs and effects of flanking sequence.
Using the CSI-SSL approach, we determined the optimal DNA binding motifs for several transcription factors (TFs) and compared them to engineered molecules. Our findings indicate that consensus motifs, derived from PWMs, often mask or compress important binding specificity information generated from large datasets. Solution-based measurements validate that the CSI intensity values are strongly correlated with binding affinities, thus SSLs also function as comprehensive energy landscapes. Moreover, the landscape displays reveal that 6-ring hairpin polyamides discriminate between optimal and suboptimal sequences as efficiently as 8-ring structures, a property that has important implications for transcription-based therapeutics. Finally, our approach was applied to predict the genome-wide binding characteristics of engineered TFs.
Results
Cognate Site Identification and Sequence-Specificity Landscapes (CSI-SSL). CSI analysis of the natural and engineered DNA binding molecules yielded a comprehensive binding profile across the entire sequence space of a binding site (Fig. S1C) . The highest intensity binding sites were compiled to identify consensus binding motifs (Fig. S1D ) which are displayed as sequence Logos (33) in Fig. 1 . This comparative analysis indicates that the consensus motif bound by polyamide PA-1 is similar to motifs recognized by natural proteins, both in length and information content.
While consensus motifs derived from PWMs summarize the best binding sequences, they overlook significant insights embedded within the complete sequence recognition profiles captured by CSI analysis ( Fig. 2A left panel) (34) (35) (36) . To surmount this limitation, we created the SSL as an adaptable tool to display and interpret the full recognition preferences of DNA binding molecules (Fig. 2) . SSLs present the entire binding dataset through a series of concentric rings or a linear format ( Fig. 2A) . In a circular SSL, the innermost ring displays sequences that contain a perfect match to a given seed motif (0-mismatch). The subsequent circles, going outward, represent increasing mismatches from the seed motif. The height of each color-coded peak on the individual rings corresponds to the CSI binding intensity data. In this way, the entire sequence space can be displayed in a comprehensive yet easily interpreted format. To generate an SSL, a seed motif is used as the starting input; this motif may be generated from a known PWM, although a motif from any source may be used to initialize the sequence alignment. Through iterative optimizations the seed motif is refined until one obtains an SSL with high affinity sequences restricted to the 0-mismatch ring, and moderate-to-low affinity sequences assigned to the appropriate outer mismatch rings. The sequences in the center ring are sorted first alphabetically by motif (or submotif) and then alphabetically by the flanking sequences. This provides a consistent ordering of sequences in the center ring. The sequences represented in the outer rings are organized first by the position of the mismatch and then alphabetically (e.g. in the motif G 1 A 2 T 3 A 4 A 5 ; G 1 is substituted by A 1 ; C 1 ; T 1 , followed by A 2 to C 2 ; G 2 ; T 2 , and onwards through all positions of the motif). In the linear format, the display permits vertical alignment of the sequences by mismatch for each position in the motif ( Fig. 2A and Fig. S2B ). In essence, the SSL format reduces the high-dimensionality problem of displaying nonlocal sequence interdependencies of nearly a million different permutations into a readily interpretable graph that reports the entire specificity-spectrum of a DNA binding molecule.
A key advantage of the landscape display is that all data points are displayed without sequence compressions that are necessary to generate PWMs and consensus motifs. The absence of sequence compression in SSL facilitates the identification of optimal motif(s). If the seed motif, used to initiate an SSL, is too restrictive then several high-intensity sequences appear in the mismatch rings, and conversely if the motif is too inclusive then low-intensity peaks (i.e. valleys) would invade the innermost match ring (Fig. S2C) . Importantly, if a chosen seed motif ignores the existence of alternative modes of binding to different sequences, then outer mismatch rings would display clustered peaks which would reveal the unique binding motifs (see below). Moreover, because the motifs identified by CSI (Fig. 1 ) are shorter than the permuted DNA duplexes on the array (5-7 bp motifs embedded within a 14-20 bp duplex), the landscapes identify the contributions of flanking sequences on the binding energetics of a given motif. In contrast to binding profiles predicted by PWMs (Fig. S2A) , the flanking sequence influences binding properties to an unexpected degree, yielding highly textured binding profiles and rugged landscapes even in the 0-mismatch ring (Fig. 2) . This additional contextual information greatly improves the accuracy of regulatory element annotation across genomes. Specificity Landscapes of Natural and Engineered DNA Binders. The SSLs of natural and engineered DNA binders immediately reveal several interesting results (Fig. 2B) . Hairpin polyamides display a high-degree of sequence specificity as compared to natural DNA binding proteins. For PA-1, as well as previously studied PA-2 (chemical structure of PA-2 shown in Fig. S1B ) (31) , the highest intensity peaks are clustered within the perfect match ring (innermost circle). While few strong binding sites are present in the 1-mismatch ring, virtually none are present in the 2-mismatch ring. By contrast, widely differing specificity spectra are evident among the protein-based DNA binding domains. Notably, the C 4 -type ZF from Gata4 shows high-fidelity binding to sequences bearing the known motif. Although p53 prefers its consensus site, binding to other biologically relevant deviations of this sequence is also detected by CSI-SSL analysis (37, 38) . TBP prefers an AT stretch but permits some deviation from this sequence. The SSL displays also shed light on the specificity of weak protein binders and resolve inconsistencies among reports in the literature. While Jumonji was shown to bind AT-rich sequences (24) others find that Jumonji prefers additional sequences (39) . Our findings indicate that Jumonji binds with low specificity to A/G-rich sequences, thus resolving the two conflicting views.
We also analyzed ZFP-1, an engineered C 2 H 2 -type ZF protein. This protein was designed to target the sequence 5′-GGA-GTT-AAG-3′ using three linked ZF modules. Although the PWMbased Logo (from a CSI array with 10 permuted bp) suggests that the best binding sequences include 5′-RGGAGT-3′, the SSL analysis indicates that ZFP-1 recognizes 5′-GGAGTT-3′ (Fig. S2D ). The 6-bp site indicates that only two of the three linked fingers are binding DNA specifically (6) . The third "nonspecific" finger, when placed between flanking ZF modules, targets the 5′-AAG-3′ trinucleotide (40) . However placing this finger at the N terminus leads to a significant diminution of its sequence specificity. This observation is consistent with previous observations of nonadditive behavior of these modules (34) and recent reports that the predictability of sequence recognition by engineered ZFPs is less than desired (41) . Taken together, SSLs show that hairpin polyamides are among the most specific DNA binders.
Deconvoluting Submotifs That Are Compressed into a "Consensus."
The SSL of a homeodomain protein, Nkx-2.5, shows that the consensus motif 5 0 -T 1 T 2 A 3 A 4 G 5 T 6 G 7 -3 0 provides an incomplete view of the true binding specificity (Fig. 1B) . The submotifs T 1 N 2 AAGTG and N 1 T 2 AAGTG are strong binding sites with TTAA GTG being the best (29) . These compressed submotifs are readily deconvoluted as high-intensity peaks in the 1-mismatch ring of an SSL generated with the TTAAGTG seed motif (compare Fig. 2A with dual submotif landscape in Fig. 2B ). To explore the generality of this phenomenon, we examined motifs of murine homeodomain proteins that were recently reported (42) . Evaluating all 18 classes of homeodomains using the SSL displays revealed that nearly 40% of the motifs could be optimized to better define the specificity of the proteins (Fig. S2E ). For example, in the case of Barx1 the reported consensus motif compresses two submotifs and inaccurately includes poorly binding sequences within the motif. The SSLs of the same dataset yield a more accurate view of the cognate sites preferred by Barx1 as well as several other homeodomains (Fig. S2E ).
Precision-Tailoring the Specificity of Engineered DNA Ligands. CSI analysis combined with SSL display permits the rapid and rigorous evaluation of engineered DNA ligands with altered chemical composition and architecture. We synthesized a 6-ring hairpin polyamide (PA-3) rather than the larger 8-ring hairpin polyamide (Fig. 3A and Fig. S3 ). The CSI-SSL analysis shows that this minimized molecule binds a shorter core sequence but its specificity profile is comparable to 8-ring hairpin polyamides. This has significant implications in engineering smaller molecules that retain specificity yet have improved cell permeability properties.
The SSL profiles also indicate that modular recognition between heterocycle rings of polyamides and individual base steps of DNA governs recognition in this class of molecules. The results strongly support the recognition rules described by Dervan and others (9, 11, 15) . We also used the SSL format to display CSI data of a hairpin polyamide (PA-4) containing an atypical 3-chlorothiophene ring ( Fig. 3A and Fig. S3 ) (30) . The SSL of this bioactive molecule validates the increased preference for Thymine by the thiophene ring. This result highlights the importance of the CSI-SSL approach in evaluating specificities of new chemical entities that target DNA. Finally, the SSL of a linear polyamide, PA-5, (30) that targets sites abnormally repeated in Friedrich's ataxia patients shows binding to a larger 9 bp site ( Fig. 3A and Fig. S3 ) (17) . In the landscape, significant binding is detected in the outer mismatch rings. Examination of the outer-ring peaks identified three related submotifs (Fig. 3B ) that were concealed in consensus motifs derived from PWMs (30) . This example of relaxed specificity displayed by a linear polyamide (PA-5), along with the proteins described above, serve to highlight the ability of SSLs to identify multiple binding submotifs that are compressed into a single consensus by motiffinding algorithms. These results also reemphasize the utility of the CSI-SSL approach in creating and evaluating molecules that target DNA with the desired degree of specificity.
Landscapes Define Binding Energetics Across the Entire Sequence Space. SSLs directly translate to binding energy landscapes for hairpin polyamides because their CSI intensities correlate strongly with equilibrium binding energies measured in solution (29, 30) . To evaluate if this relationship holds for a natural DNA binding protein, we measured affinities of Nkx-2.5 for six DNA sequences that span a range of CSI intensities. As a control we refined the previously reported (29) affinity of PA-1 for a similar range of sites identified by CSI. The binding isotherms for these sequences were determined by nuclease protection assays for PA-1 and by EMSA for Nkx-2.5 ( Fig. 4 and Fig. S4 ). The CSI intensities of both molecules were highly correlated with equilibrium binding energy. Not only do we observe a clear correlation at strong-to-moderate binding sites, the CSI intensities indicate differential binding at suboptimal sites that are too weak to be evaluated by EMSA analysis. The linear correlation observed, indicates that the fractional occupancy on the array is sufficiently low so as to still correlate with solution binding affinity. The low fractional occupancy is likely due to a combination of multiple factors. Thus, SSLs directly translate to energy landscapes and provide unprecedented information on binding energetics across broad sequence space (see Fig. 5 ).
Genomescapes: Genome-Wide Binding Landscapes Explain the Differential Bioactivity of an Engineered DNA Binder. A compelling need for developing CSI-SSL is to map the regulatory elements across the genome. Based on the CSI scores, we assigned binding probabilities across the entire human genome (Fig. 5) . We designate these genome-wide binding landscapes, as "genomescapes." Here, we focused on the CSI-SSL scores of a hairpin polyamide (PA-4) that targets the binding sites of the hypoxia induced transcription factor, HIF-1α. PA-4 binding to HIF-responsive-elements (HREs) blocks the activation of the hypoxia induced genes (18) , including VEGF, a cytokine that is implicated in cancer and angiogenesis (43) . Blocking HIF-1α dependent expression of VEGF suffices for averting tumorigenesis, thus marking this binding event as a target for therapeutic intervention. Previous genome-wide expression profiles indicated that genes bearing an HRE could be targeted in cells by the designed polyamide (PA-4) (Fig. 5B) (18) . However, in those studies it was not clear why the endothelin gene, ET-2, bearing a moderate HRE was robustly inhibited by the compound. To resolve this outstanding issue, we examined the genomic DNA for nonobvious binding sites that may exert additional inhibition. The CSI genomescape of ET-2 promoter regions identifies moderate PA-4 sites across the known HIF-1α binding site. More importantly, in contrast to other HIF-1α regulated genes, ET-2 also has several moderate PA-4 binding sites across the Transcription Start Site (TSS) and into the coding region ( Fig. 5C and Fig. S5 ). At 1 μM concentrations of the polyamide in the media, ET-2 gene is robustly down-regulated. CSI genomescapes suggest that this unusually high level of inhibition might be due to multiple synergistic inhibitory events where both the transcription factor and the transcriptional machinery are occluded from their binding sites. The binding energetics for this compound suggests that nanomolar binding affinities are required for effective action of the compound in living cells. We further anticipate that the CSI genomescapes will greatly aid in predicting how DNA binding molecules localize across the genome and in elucidating seemingly off-target events in living cells.
Discussion
The combined CSI and SSL analyses of natural and engineered molecules lead to the unexpected conclusion that synthetic DNA binders can achieve specificities that match or exceed natural DNA binding proteins. The SSL displays overcome the limitations of consensus motifs derived from PWMs and reveal an unprecedented view of the entire specificity and energy landscape of DNA binding molecules. The varying specificity constraints imposed by different protein or small molecule structural folds offer insights into the mechanisms for modulating specificity in molecular recognition. Elucidating the effects of sequence context on binding energetics permits an accurate annotation of regulatory elements across the genome. This is particularly true for synthetic DNA binders, and the resulting genomescapes predict the biological outcomes with a high degree of accuracy. The CSI-SSL approach will be invaluable in designing, evaluating, and refining unique chemical entities that target genomic sites with the desired degree of precision. This is a critical step in the generation of molecules that will have therapeutic utility and also serve as powerful genomic tools.
In the near future, high-throughput data for most DNA binding proteins from various organisms will become publicly available. As demonstrated with the homeodomain family of proteins (Fig. S2E) , high-dimensionality data when viewed through SSLs reveal unique modes of sequence recognition. SSL analysis of such datasets will address how natural proteins target cognate . The linear correlation plot between K A and CSI intensity is shown on the bottom. This correlation allows the binding affinity for all sequences to be determined using the corresponding CSI intensity. (B) Nuclease protection for six sequences (labeled G-L) from the CSI microarray refined from (29) for PA-1. The linear correlation plot between K A and CSI intensity is shown on the bottom. Each point represents the average of three measurements and error bars indicate one standard deviation. The concentration of Nkx-2.5 ranged from 2μM to 3nM (in twofold increments) and for PA-1 they ranged from 300nM to 0.5nM (in threefold increments). sites in the genome, how sequence specificity evolved within different DNA binding folds, and how regulatory elements and networks are evolutionarily retained and organized.
The Sequence-Specificity Landscapes that we describe here are not limited to displaying DNA binding data. They can be readily applied to any high-dimensional data that define interaction interfaces of biopolymers or other molecules, including protein-peptide or protein-small molecule interactions. An integrative perspective that combines landscapes along with other physical and biological analyses will greatly enhance our understanding of the elusive principle of "specificity."
Materials and Methods
CSI Microarray Analysis-Polyamide. The fluorescently-labeled polyamide was diluted to a final concentration (250 nM for PA-1, PA-2, PA-5; 20 nM for PA-3; and 10 nM for PA-4) in hybridization buffer (1 M NaCl, 100 mM MES pH 7.5, 20 mM EDTA, 0.01% Tween-20). The polyamide was added to the hybridization chamber (Grace BioLabs) on the array and rotated for 1 h at 23°C. The arrays were washed with nonstringent wash buffer (6X SSPE pH 7.5, 0.01% Tween-20), dried, and scanned using an Axon 4000B (Molecular Devices). Data was viewed using GenePix™ Pro 6.0 (Molecular Devices).
CSI Microarray Analysis-Protein. Arrays were blocked with 2.5% nonfat dried milk for 1.5 h. The protein was diluted to a final concentration in buffer and mixed with a directly-labeled fluorescent antibody to either the protein or a tag on the protein. The protein-antibody mixture was added to the hybridization chamber on the array and rotated for 1 h. The arrays were washed, dried, and scanned as above.
Generation of Specificity Landscapes. To order the binding data for presentation in the SSL, the binding site on each sequence is determined using the best match to the seed motif. Landscapes are optimized by maximizing the number of high-intensity sequences and minimizing the number of low-intensity sequences in the 0-mismatch ring. The data is parsed according to the number of mismatches from the motif being plotted. If the seed motif has multiple submotifs, we use the minimum number of mismatches to the best submotif. Each ring is sorted first by the position of the mismatch and then alphabetically. The intensities are then plotted using MatLab R2006a (The MathWorks, Inc,). The intensities are smoothed using 0.5% of the data on each ring.
Additional details are included in SI Text.
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Methods. Protein purification. GST-tagged Gata4 (mouse) was over-expressed in BL21-plysS cells (plasmid from Professor Youngsook Lee) that were lysed by sonication and cleared by centrifugation. Gata4 was enriched using ammonium sulfate precipitation followed by purification on glutathione-sepharose beads. The eluted protein was further purified by ion exchange chromatography over an SP-sepharose column. His-tagged Nkx-2.5 (mouse) was overexpressed in BL21 as an MBP-His-Nkx-2.5 fusion protein. Cells were lysed by sonication and cleared by centrifugation. The fusion protein was then purified using amylose resin followed by MBP tag cleavage using AcTev (Invitrogen) overnight at 4°C. The His-tagged Nkx-2.5 was then separated from the solution by ion exchange chromatography using SP-sepharose. Any residual undigested MBP-Nkx-2.5 was removed by using a second amylose resin column.
GST-Jumonji (mouse) DNA binding domain (aa 529 -792) was over-expressed in BL21-plysS cells (plasmid from Professor Youngsook Lee) that were lysed by sonication and cleared by centrifugation. Fusion protein was captured on glutathionesepharose and after elution was further purified by ion exchange over a SP-sepharose column.
ZFP-1 used for CSI analysis was generated using the wheat germ expression system (1). cDNA for each gene was cloned into the pEU-His expression plasmid, modified to include an Nterminal 3x-Myc tag. The purified plasmid was then used in an in vitro transcription reaction with Sp6 RNA polymerase (Promega, Madison, WI) at 37°C for 3 h. The mRNA was then ethanol precipitated and used in an in vitro translation reaction with wheat germ cell-free extract (CellFree Sciences, Matsuyama Ehime Japan) at 16°C for 20 h. Cleared reactions containing soluble Myc-tagged proteins were used directly for CSI analysis.
Synthesis of PA-3. Polyamide PA-3 was synthesized by following well-documented solid-phase synthetic techniques using Boc protection chemistry (2) . The final polyamide product was purified by HPLC and validated by its mass spectra. The monomer 1,2,3-Benzotriazol-1-yl 4-[(tert-Butoxycarbonyl)amino-1-methylpyrrole-2-carboxylate was synthesized according to Baird and Dervan (2) and was acquired from the Mapp Lab (University of Michigan). For fluorescence labeling, PA-3 was dissolved in 200 μL 0.1M sodium carbonate buffer (pH 9.84) and 25 μL DMF. Cy5 NHS ester (1 mg; GE Healthcare) was dissolved in 50 μL 0.1 M sodium carbonate buffer (pH 9.84). Twenty-five μL of the dye solution was added to the polyamide solution and stirred at room temperature for 24 h. The solvent was then evaporated, the desired product purified by HPLC, and its mass confirmed. Nuclease protection assay of PA-1. PA-1 Dnase I footprinting experiments were performed using the parent PA-1 (unlabeled) polyamide on two 223-bp DNA fragments, GGT1 and GGT2. GGT1 contained five DNA binding sites (G -AAGGTTA, H-AACGTTA, I-ATGGAAT, K-ATCGTAT, and L-AAGGT CA). Site G was present in two locations as an internal control to ensure binding site proximity did not affect the association constants (K A ) determined. GGT2 contained three DNA binding sites (G, J-CAGGTTA, and K). Sites G and K were used to normalize the K A s determined on GGT2 with those on GGT1. For the footprints, 10 μL reactions volumes containing varying concentrations of the parent PA were mixed in the following buffer: 50 mM KCl, 50 mM Tris-HCl (pH 7.5), 2 mM CaCl 2 , 2 mM MgCl 2 , 5% Glycerol and 100 ng/μL BSA. Each lane contained approximately 10 K cpm of radiolabeled GGT1 or GGT2 DNA. The polyamide was allowed to equilibrate for 1 h at room temperature before 1 μL of Dnase I (Invitrogen part number 18047-019; diluted 1:50,000 prior to use) was added. After 30 s of digestion, 10 uL of a stop buffer containing 10 mM EDTA, 10 mM NaOH, 80% Formamide, 0.01% xylene cyanol and 0.01% bromophenol blue was added, and the reactions were immediately heated to 95ºC for 5 min to quench the Dnase reaction. The reactions were chilled on ice and loaded onto a 8% acrylamide/7M Urea denaturing gel. The gels were run at 2,000 V in 0.5 × TBE until the bromphenol blue was run off the gel. The gels were dried, exposed to a phosphorimager screen overnight, and visualized using a Typhoon imager. Triplicates experiments were performed, and binding constant determinations were obtained using ImageQuant 5.2 to quantify the footprinting gel data and Sigmaplot 6.0 for nonlinear regression. Binding energies were determined using ΔG ¼ −RTln K A , with R ¼ 1.987 cal · K −1 · mol −1 and T ¼ 296.15 K.
GGT1 :  CTATGCGGCATCAGAGCAGATTGTACTGAGAGTGCA  CCATATGGACATATTGTCGTTAGAACGCGGCTACAATTA  ATACATAACCTTATGTATCATACACATACGATTTAGGTGA  CACTATCGATGGCTATGGAATCGCACCACGCAAGGTTA  TCGCGAAGCGCAAGGTCATCGCTGACCGCAACGTTATC  GCTCCCGGGTACCGAGCTCGAATTCATCGATG  GGT2:  CTATGCGGCATCAGAGCAGATTGTACTGAGAGTGCA  CCATATGGACATATTGTCGTTAGAACGCGGCTACAATTA  ATACATAACCTTATGTATCATACACATACGATTTAGGTGA  CACTATCGATGGCGTAGATTACGCACCACGCAAGGTTA  TCGCGAACCGCCAGGTTATCGCTGACCGCTAAATTTTC  GCTCCCGGGTACCGAGCTCGAATTCATCGATG EMSA of Nkx-2.5. Thirty-seven nucleotide DNA hairpins were labeled with 32 P using standard protocols. Reactions were performed in binding buffer (50 mM NaCl, 10 mM Tris-HCl (pH 7.4), 1 mM MgCl2, 0.5 mM EDTA, 0.25% nonfat dried milk, and 10% glycerol). Binding reactions were incubated on ice for 1 h before loading onto the gel. The reactions were resolved through a prerun 10% acrylamide/3% glycerol gel in 0.5 × TBE (45 mM Tris/32.3 mM boric acid/1.75 mM EDTA, pH 8.3) at 4°C. The gels were dried, exposed to a phosphorimager screen overnight and visualized using a Typhoon imager. Triplicates experiments were performed, and binding constant determinations were obtained using ImageQuant 5.2 to quantify the EMSA gel data and Sigmaplot 6.0 for nonlinear regression. Binding energies were determined
CSI microarray analysis. Polyamide.
The fluorescently-labeled polyamide was diluted to a final concentration (250 nM for PA-1, PA-2, PA-5; 20 nM for PA-3; and 10 nM for PA-4) in Hybridization buffer (1M NaCl, 100 mM MES pH 7.5, 20 mM EDTA, 0.01% Tween-20). The polyamide solution was added to the hybridization chamber (Grace Bio-Labs, Bend OR) on the array and incubated for 1 h at room temperature with constant rotation. The arrays were washed with non-stringent wash buffer (6X SSPE pH 7.5, 0.01% Tween-20), dried, and scanned using an Axon 4000B (Molecular Devices, Sunnyvale CA). Data was viewed using GenePix™ Pro 6.0 microarray analysis software (Molecular Devices).
Protein.
Arrays were blocked with 2.5% non-fat dried milk for 1.5 h prior to protein-antibody incubation. The protein was diluted to a final concentration in buffer and mixed with a directly-labeled fluorescent antibody to either the protein or a tag on the protein. The protein-antibody mixture was added to the hybridization chamber on the array and incubated for 1 h at either room temperature (or 4°C) with constant rotation. The arrays were washed, dried, and scanned using an Axon 4000B. Data was viewed using GenePix™ Pro 6.0 microarray analysis software.
Protein concentrations and antibodies used were as follows: the 3x-myc-tagged Zinc Finger Protein 1 was expressed from cellfree lysate and used at 10 μL with AlexaFluor 647-labeled α-myc antibody (AbD Serotec, Morphosys); purified mouse his-tagged Nkx-2.5 at a final concentration of 50 nM was incubated with AlexaFluor 647-labeled α-his antibody (Qiagen, Valencia CA); purified GST-tagged mouse Gata4 at a final concentration of 50 nM was incubated with AlexaFluor 555-labeled α -GSTantibody (Upstate, Millipore, Billerica, MA); purified mouse GST-tagged Jumonji at a final concentration of 200 nM was mixed with AlexaFluor 555-labeled α -GST antibody (Upstate, Millipore, Billerica, MA); purified human his-tagged p53 (ProteinOne) was used at a final concentration of 10 nM with TRITC-labeled α -p53 antibody (DO-1, Santa Cruz Biotechnology, Inc.); purified human histagged c-Abl (Invitrogen,) was used with AlexaFluor 647-labeled α-his antibody (Qiagen, Valencia CA); purified human his-tagged TBP (ProteinOne) was used with AlexaFluor 647-labeled α-his antibody (Qiagen).
CSI data normalization. For each array replicate, global mean normalization was used to equalize the mean intensity of each microarray. Local mean normalization (3) was then used to ensure the intensity was evenly distributed throughout each sector of the microarray surface. Outliers between replicate features were detected using the Q test at 90% confidence and filtered out. The replicates were then quantile normalized to account for any possible nonlinearity between arrays (4). Replicate features were averaged together. The center of the normal distribution (ignoring the right-handed tail) of the averaged features was subtracted to account for background.
Z-scores were calculated as | signal minus median/standard deviation. Due to the right-handed tail effect, standard deviation of the background signal was based upon the standard deviation from the median of all signals less than the median. Motif searching was conducted using MEME/MAST System Motif Discovery and Search (http://meme.sdsc.edu/meme/intro.html) on sequences in the highest Z-score bin (5) . Logos of each motif were created using sequences from the highest Z-score bins (6) .
Genomescapes of PA-6. Based on several hairpin polyamide CSI profiles, we simulated the binding properties of the control polyamide PA-6 across the genome. Consistent with the reported genome-wide expression profiles , our simulated CSI genomescape for PA-6 does not identify strong-to-moderate binding sites at any of the four HIF-regulated genes (Fig. S5B) . As the repertoire of binding profiles for different polyamide architectures grows, and the recognition properties are better refined by CSI-SSL analysis, the accuracy of predicting the binding potential and regulatory properties of newly engineered polyamides will sharpen. . Binding isotherms for PA-1 and Nkx-2.5. Binding isotherms for each individual sequence for PA-1 (A-F, Upper) and Nkx-2.5 (G-L, Lower) as determined from nuclease protection assay or EMSA, respectively. Each experiment was performed in triplicate, and a representative binding isotherm is shown. Tables below each set of isotherms display the sequence, experimentally determined KA (footprint or EMSA), and CSI intensity for each data point. Fig. S5 . Additional correlation of gene expression microarray data with CSI microarray data. Genomescape data for the human ET-1 andET-3 genes using PA-4. CSI data. The schematic of the polyamide is at the top of the column. Genomescapes are generated by assigning an intensity to every 10 bp sequence in the genome based on the CSI microarray data. The genomescape datafor 100 Mbp of the chromosome surrounding either the ET-1 or ET-3 gene is shown. The genomescape is focused on two 100bp regions containing the HRE and the TSS for each gene. The fold repression (Right) was reported by Olenyuk et al. using gene expression microarray data to compare the RNA expression levels from an untreated cell line to that of one incubated with the PA. (B) Correlation of gene expression microarray data with CSI microarray data for PA-6. Genomescape data for Hif regulated genes using predicted PA-6. CSI data. A schematic of the polyamide is at the top of the figure. Genomescapes are generated by assigning an intensity to every 10 bp sequence in the genome based on CSI microarray data. The genomescape data for 100 Mbp of the chromosome surrounding each target gene is shown. The genomescape is focused on two 100 bp regions containing the HRE and the TSS for each gene. The fold repression (Right) was reported by Olenyuk et al. using gene expression microarray data to compare the RNA expression levels from an untreated cell line to that of one incubated with the PA.
